In reservoir history matching or data assimilation, dynamic data such as production rates and pressures are used to constrain reservoir models and to update model parameters. As such, even if under certain conceptualization the model parameters do not vary with time, the estimate of such parameters may change with the available observations and thus with time. In reality, the production process may lead to changes in both the flow and geomechanics fields, which are dynamically coupled. For example, the variations in the stress/strain field lead to changes in porosity and permeability of the reservoir and hence in the flow field. In weak formations such as the Lost Hills oilfield, fluid extraction may cause a large compaction to the reservoir rock and a significant subsidence at the land surface, resulting in huge economic losses and detrimental environmental consequences. The strong nonlinear coupling between reservoir flow and geomechanics possesses a challenge to construct a reliable model for predicting oil recovery in such reservoirs. On the other hand, the subsidence and other geomechanics observations can provide additional insight into the nature of the reservoir rock and help constrain the reservoir model if used wisely. In this study, the Ensemble Kalman filter (EnKF) approach is used to estimate reservoir flow and material properties by jointly assimilating dynamic flow and geomechanics observations. The resulting model can be used for managing and optimizing production operations and for mitigating the land subsidence. The use of surface displacement observations improves the match to both production and displacement data. Localization is used to facilitate the assimilation of a large amount of data and to mitigate the effect of spurious correlations resulting from small ensembles. Since the stress, strain, and displacement fields are updated together with the material properties in The EnKF, the issue of consistency at the analysis step of the EnKF is investigated. A 3D problem with reservoir fluid-flow and mechanical parameters close to those of the Lost Hills oilfield is used to test the applicability.
Introduction
The geomechanical behavior of a reservoir is usually only considered through rock compressibility in reservoir simulators. Rock compressibility determines the change of reservoir pore volume with respect to the change of pressure. The stress fields change, however, dramatically during depletion, water injection or different applications of enhanced oil recovery techniques. The changes in the stress field induce various geomechanical phenomena, such as land subsidence, abrupt compaction of the reservoir, induced fracturing, enhancement of natural fractures and fault activation. Among these phenomena, reservoir compaction and surface subsidence are most commonly seen. Well know examples include the sea floor subsidence in the Ekofisk field and Valhall field in the North Sea (Pattillo et al. 1998 ), subsidence in the Lost Hill field, California (Wallace and Pugh 1993) and in the region of the Boliva Coast and Lagunillas in Venezuela (van der Knapp and van der Vlis 1967). These complicated geomechanical situations require more sophisticated methods to take them into account in order to better predict the production and avoid facility failures. In the past ten years, extensive efforts have been made to couple the fluidflow and geomechanics simulations to model the complex process during hydrocarbon production (Chin et al. 2000 ; Dean et al. 2006 ; Samier et al. 2006 ). Geomechanics module is available in several commercial reservoir simulators to facilitate the coupled modeling of fluid-flow and geomechanical processes.
Both multiphase flow problems and geomechanical processes require some parameters to describe the flow or mechanical properties of the reservoir. Typical primary parameters for multiphase phase flow simulation are permeability and porosity. The primary parameters for elastical geomechanical processes are Young's modulus and Poisson's ratio. Both flow and geomechanical parameters exhibit spatial variabilities and none of them can be measured extensively and accurately, thus these parameters are subject to large uncertainty. In contrast, model responses normally can be measured relatively precisely. For example, oil and water production rates are usually measured and recorded regularly. Down hole pressure gauges can measure pressure continuously. Standard history matching uses production data to estimate the flow properties of the reservoir. The production data, for example oil and water production rates and flowing bottom hole pressures, typically provide an average information between wells or near the well location, while observations of geomechanical processes, such as surface subsidence, would provide extensive additional information. Optical instrument leveling surveys or global positioning system (GPS) surveys can monitor the surface deformation process continuously. Tiltmeter measures the gradient of the displacement. By placing the tiltmeter array at the earth surface we could also continuously monitor the deformation. The geomechanical processes of a reservoir are usually induced by the extraction and injection of fluids, so they are correlated to both the mechanical and fluid-flow properties of the reservoir. Olson et al. (1997) used the tiltmeter measurements to estimate both the location of the fracture and the opening width at different locations of the fracture plane. Vasco et al. (2001) used coupled inversion of the transient pressure observations and surface displacement measurements to estimate the variation of the subsurface permeability. Vasco and Ferretti (2005) had extended their previous work by taking permanent scattered observations and examined the compatibility of measured reservoir volume fluxes, caused by production and injection, with observed surface deformations.
In this study we use the ensemble Kalman filter (EnKF) to jointly assimilate both production and subsidence observations to estimate the reservoir flow and mechanical properties. The EnKF is a sequential data assimilation method that updates both model parameters and state variables using data as they become available. The EnKF is a gradient-based method with gradient information provided through the correlation obtained from an ensemble of model realizations. The EnKF is suitable for handling nonlinear and large scale problems and is straightforward to implement. Since the original work of Evensen (1994) ). The EnKF is only optimal for linear problem in the limit of infinitely many model realizations. As a consequence when applied to nonlinear multiphase flow problem in petroleum engineering applications the computation of the cross correlation might suffer from spurious correlations resulting from small ensembles and the updated model parameters and state variables might not be consistent due to the nonlinear nature of the dynamics. Localization is typically used in the EnKF to reduce the effect of spurious correlations in which either the Kalman gain or covariance is filtered using correlation functions with compact support. Localization is quite common in the EnKF applications in oceanography and meteorology (Houtekamer and Mitchell 2001; Hamill et al. 2001 ) due to the high dimensionality. The error in the estimation of covariance depends on the ensemble size and the true correlation. The error increases greatly as the correlation decreases and as the ensemble size decreases. The true correlation denotes that between the observation and the state vector. The correlation decreases with the increase of distance between the point of estimation and the observation. Since the localization function has a compact support, it filters out the effect of the noisy information from the far away observations on the point of estimation. Recently, localization has been found important in petroleum engineering applications, especially in cases where the number of observations is large and the size of the ensemble is small (Devegowda et al. 2007; Skjervheim et al. 2007 ; Chen and Oliver 2009). The inconsistency is typically seen when model parameters and state variables are jointly updated using The EnKF (Gu and Oliver 2006; Thulin et al. 2007 ). Wen and Chen (2006) proposed a confirming EnKF to resolve the inconsistency between the updated model parameters and state variables by recomputing pressures and saturations using the updated permeability and porosity from the previous data assimilation time. and Gu and Oliver (2007) used iterations in addition to the EnKF when the nonlinearity is strong. Only model parameters are estimated iteratively and the dynamic variables are computed by rerunning the simulation from time zero with the updated model parameters. Coupling of fluid-flow and geomechanics processes increases the nonlinearity of the problem and the number of state variables involved (such as the stress, strain, and displacements). The relationship between stress, strain, and displacement are governed by the constitutive model and this increases the necessity of maintaining consistency. Using observations from geomechanical processes, such as subsidence, highly increases the number of observations. The large number of observations and the increase in dimensionality of the problem make localization important if small ensemble is used for data assimilation in coupled fluid-flow and geomechanics problems.
In this paper we first review the basic concepts of coupled fluid-flow and geomechanics simulation. Then the influence of geomechanics processes is shown. The effect of the assimilation of subsidence data, consistency and localization are investigated through a synthetic 2D example. Finally, a 3D case study is given using parameters similar to those of the Lost Hills oilfield.
Coupled flow and reservoir geomechanics

Formulation of flow and geomechanics problems
In a water and oil two phase system, the basic flow equations are given as: 
Coupling of the fluid-flow and the geomechanics models There exist several types of approaches for coupled reservoir-geomechanics simulations (Samier et al. 2006) . In this study, the iterative coupling approach is used. In this type of coupling, reservoir variables and geomechanics variables are solved separately and sequentially by a reservoir simulator and a geomechanics module, in which the coupling terms are iterated at each coupling step. The coupling iteration is controlled by a convergence criterion that is usually based on pressure or stress changes between the two successive iterations of the solution. The flow and formation deformation (the geomechanics) are coupled together in a sequential manner, meaning that two calculations alternate while passing information back and forth. The flow calculation updates pressures over an interval, which can be controlled by users. In the geomechanics module, the pressures are treated as external loads in the calculation of the displacement. When the displacements are computed, strains and stresses are determined through the strain-displacement relationship and stress-strain constitutive relation, respectively. After the geomechanics solution is obtained, updated porosity are calculated and sent to the coupling module. Based on the updated porosity, the pressures are computed in the reservoir simulator and then sent back to the coupling module. The process of the coupling is repeated until the convergence is achieved, i.e. when the norm of pressure or stress change between two consecutive coupling iterations is below a given tolerance.
In this study, the coupled fluid-flow and geomechanical process is solved using Eclipse 300. The porosity-stress relation is conservation of rock volume in the gridblock over the designed time step:
where V is the bulk volume of the gridblock, φ is the porosity and n is the index for time steps. This is equivalent to the relation:
where b δε is the change in the volumetric strain.
In addition to porosity, permeability can also be varying with stresses through empirical relationship between the permeability multiplier and the maximum and minimum principal stresses. Note that the data assimilation approach described below is not limited to either the iterative coupling scheme or the Eclipse simulator. Instead, the EnKF may accommodate any existing simulator for coupled fluid-flow and geomechanics.
Ensemble Kalman filter
In the EnKF, the variables to be estimated are collected in a state vector y. A typical state vector for a two-phase flow problem consists of permeability (ln k), porosity ( φ ), pressure (P), and saturation ( w S ) at all gridblocks: ln , , , ,
where j is the index for realizations and d indicates the observations such as oil production rate and bottom hole pressure. We denote the total number of realizations by N e . At the EnKF analysis step, every realization is updates using
where the superscript f indicates forecast and u indicates updated, and the cross-covariances are calculated using standard statistic formulae,
When geomechanical processes are considered, the state vector is extended to include the corresponding model parameters and state variables ln , , , , , ,
where E indicates Young's modules, ν indicates Poisson's ratio, σ indicates stresses, ε indicates strains, and u, v, and w are displacements. Here, the observation vector, d, may also include surface and wellbore displacements.
Case studies
In this section, the influence of geomechanics processes to production is illustrated first, and then examples are presented to illustrate the performance of the EnKF in coupled fluid-flow and geomechanics models. Specifically, the additional contribution from subsidence data, the effect of using localization, and the potential inconsistency problem are investigated.
Influence of the geomechanics process
We first investigate the influence of the geomechanics process to production based on a synthetic two dimensional reservoir model. Two cases are considered, which have the same setup with the exception that one considers and the other disregards geomechanics effects. The reservoir is a x z − cross section, with the size in the y direction being 500ft. The cross section has an area equal to 15000 × 2670 2 ft . It extends from the surface with 2500 ft overburden, 120 ft reservoir interval and 50 ft underburden formation. The domain is evenly divided into 30 gridblocks in x direction, each of size 500 ft. The reservoir interval is divided into 10 layers, each of thickness 12 ft. The underburden and overburden formation are modeled by layers of size 25 ft each. The overburden and underburden rocks are assumed to have very low permeability and porosity. Young's modulus of the overburden and underburden formation is assumed to be uniform and known, being 1,000,000 psi. The porosity of the reservoir is assumed to be 20% uniformly. A permeability field is generated using sequential Gaussion simulation and treated as the input permeability for both cases with and without geomechanics simulation. For the geomechanics simulation, Young's modulus is generated for gridblocks within the reservoir interval. The Possion's ratio is assumed uniform through the entire simulation domain, being 0.25. There is a producer located at the th 22 gridblock and completed through the entire pay zone. It is controlled primarily by BHP, being 1000 psi and the secondary control is the maximum oil rate, being 3500 stb/day. There is an injector located at the th 4 gridblock and the injection starts at day 1000. The injector is controlled by the surface flow rate target, being 2500 stb/day and subjected to the maximum BHP constraint of 10,000 psi. Closed boundary is used for the flow simulation. For the geomechanical simulation, only the surface is modeled by zero traction boundary and all the other sides are constrained by the no normal displacement boundaries. We consider a two-phase flow problem (oil and water). The production lasts for 6000 days. Fig. 1 compares production profiles between two cases with and without geomechanics simulation. Obvious differences can be seen from the figures. The differences are mainly caused by the change of pore volume and the change of permeability induced by the geomechanical processes during the production. Based on these observations, for reservoirs with obvious geomechanical behaviors, such as significant surface subsidence, a model considering geomechanics simulation is more appropriate for simulating the actual behavior of the reservoir and performing history matching. Otherwise, the apparent model error will deteriorate the performance of data assimilation methods.
Data assimilation via the EnKF
In this section, we use the same two-dimensional coupled fluid-flow and geomechanics model described in the previous section to test data assimilation using the EnKF. Only porosity is assumed to be dependent on geomechanics processes. Both the permeability and Young's modulus of the reservoir are treated as random space functions. The EnKF is used to estimate both the permeability and Young's modulus. Displacement and production observations are available every 500 days from the start of production. The data assimilation period lasts for 4000 days. The displacement observations are taken from the surface (one per gridblock). The production data are oil production rates and water cuts of the producer as well as bottom hole pressures of the injector. The measurement errors are drawn from a Gaussian distribution with zero mean and 1% standard deviation. The standard deviation is relative to the actual measurement. Exponential covariance function is used to model the spatial correlation of both the log transformed permeability ( ln k ) and Yong's modulus ( E ), which is defined as:
where h is the separation vector in space; λ i is the integral scales in each direction, and σ is the standard deviation. The
Young's modulus is assumed to have a mean equal to 800,000 psi and standard deviation equal to 300,000 psi. The mean and standard deviation of the log transformed permeability are 4.5 and 1.9, respectively. For both parameters, the integral scale in x direction is 1170 ft and in z direction is 13 ft. We assume permeability and Young's modulus are uncorrelated. The initial ensemble members of the EnKF and the reference fields of ln k and E are generated with similar geostatistical characteristics. Fig. 2 shows the reference ln k and E fields.
The effect of the subsidence data
In this subsection, we investigate the effect of the subsidence data for the estimation of permeability and Young's modulus. Two cases are compared: one with only production data assimilated and the other with both production and surface displacement observation assimilated. 100 realizations of ln k and E fields are generated using the statistical properties initial to represent the prior knowledge of the reservoir. These ln k and E realizations are updated to be consistent with the data as they become available. One realization of permeability field and one realization of Young's modulus field are sequentially picked as a pair and used as the model inputs for each model run. Fig. 3 and Fig. 4 show the ensemble mean of the permeability and Young's modulus realizations updated at day 2000 and 4000, respectively. In general, the estimation of these model parameters improves with more data (in time) assimilated. The uncertainty of this estimation, represented by the variability in the updated ensemble, reduces with more information provided by data. Although the sensitivity of production data to model parameters changes with time, oil production rate and water cut provide average information between the injector and producer and the BHP of the injector is strongly sensitive to the properties near the well location. As a consequence, the estimation of the permeability with only production data assimilated can only be similar to the reference permeability on average. Because the sensitivity between production data and Young's modulus is relatively weak, the updated Young's modulus realizations with only production data assimilated stay similar to the initial ones with no obvious pattern resembling the reference and with high uncertainty (although the std plots are not shown here). Compared to the production data, surface displacement observation are spatially dense. The surface displacement is correlated to the movement of the flow. With this additional information, the estimation from the EnKF is improved from the case where only production data are incorporated. The estimated permeability and Young's modulus field capture the main pattern of the reference fields. Note that although the surface displacement measurements are dense spatially, they are only available at the surface. As a result, the vertical resolution of the estimated permeability and Young's modulus fields is low.
The match to the production data and the surface displacement measurements from the initial ensemble and from the ensemble updated with different amount of data assimilated is given in Fig. 5 and 6 . In these figures, the blue dots indicate the times when the observations are incorporated, the red cure depicts the responses computed using the reference parameter fields, and the black cures represent the prediction from the ensemble. Data are available for the first 4000 days and the last 1000 days are pure prediction. With data assimilation, the match to the observation is highly improved from that obtained from the initial ensemble. By using both production and displacement data the agreement are better than that of using production data only. It is also seen from Fig. 6 that the match to the displacement is slightly improved even with only production data assimilated and the match is further improved when the displacement is also used.
The effect of consistency
For this particular 2D example considered, the state vector of the EnKF consists of ln , , , ,
It can be separated in to three parts , ,
where ln ,
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m indicates model parameters, f indicates state variables, and d indicates observations. The analysis step of the EnKF (Eq. 11) takes linear combination of the forecasts and there is no guarantee that updated state variables f will be the same as that would be obtained by rerunning the simulation with the updated m from time zero. In addition, for the coupled fluid-flow and geomechanical problem the stresses and strains updated at the analysis step might not still satisfy the constitutive relation.
In order to avoid these problems, some modifications are made to the EnKF procedure. Since the state variables are functions of model parameters provided that the initial and boundary conditions are known, only model parameters are updated at the analysis step and the predicted data are always calculated by rerunning the simulation from time zero with the updated model parameters. For example, after the permeability and the Young's modulus are updated at 1 t , they are used to rerun the simulation from time zero to the next observation time, 2 t . After incorporating the observations at 2 t , the new parameters are used to re-advance the simulation from time zero to 3 t . This procedure will be repeated at each observation time. By doing this we are able to preserve the relationships between the model parameters and the state variables and among the state variables. The disadvantage is that this modified procedure greatly increases the computational effort. Fig. 7 shows the match to the production data using the modified EnKF procedure with both production and subsidence data assimilated. By comparing Fig. 7 with the third column of Fig. 5 , some improvements can be found from using the modified EnKF, especially the match to the water cut. One realization is chosen from the ensemble to further test the difference between these two procedures. Fig. 8 shows the profiles of the subsidence and saturation at one of the layers in the reservoir zone. At the first data assimilation step, there is a relatively large difference between the displacement updated using the EnKF and the displacement obtained from rerunning the simulation using the updated parameters. As the data assimilation goes on, the difference between these two procedures becomes smaller. At day 2000, the displacement from the two procedures agrees very well. The difference between saturation from the two procedures did not show the tendency of getting smaller with more data assimilated. The saturation computed directly from the analysis step of the EnKF, however, is acceptable comparing to the saturation obtained from running the simulation using the updated parameters. In this situation although the modified EnKF gives better data match than the traditional EnKF, the latter might be preferred due to its computational efficiency. The level of inconsistency becomes stronger with the level of nonlinearity, not just the nonlinearity of the physics also the nonlinearity involved in solving the inverse problem. In the EnKF, this strong nonlinearity can be identified by the correction made at the EnKF analysis step (Gu and Oliver 2007) . If the correction is large the modified EnKF should be used to assure a reasonable updating and a possible iterative procedure could be considered (Gu and Oliver 2007).
The effect of localization
Coupling the geomechanics simulation with the flow simulation largely increases the computational cost. Using smaller ensemble would greatly increase the efficiency. The ensemble estimation of the covariance, however, tends to be overwhelmed by noise when the size of ensemble is small (Hamill et Localization is needed to facilitate the assimilation of a large amount of data using a relatively small ensemble. When localization is used with the EnKF, the Kalman gain is calculated as
where represents the Shur product and ρ is the localization function. We use an exponential covariance function as the localization function
where h is the separation distance and θ is a parameter. The optimal θ is given as (Furrer and 
where β is the practical range and e N it the ensemble number.
Here we choose 30 = e N and we calculate the separation distance, h, only in the x direction. The practical range β represents the sensitivity range between the observations and model parameters. Upon considering that the production data should have a larger sensitivity range than the surface displacement observations, we set 1 10500 ft β = and 2 3500 ft β = , where 1 β is the sensitivity range between production data and model parameters and 2 β is that between surface displacement observations and model parameters. Fig. 9 shows the cross-correlation between the oil production rate and the log transformed permeability (ln k) field of the reservoir, computed on the basis of an ensemble of 100 members, at the first three data assimilation steps. It can be seen that the oil production rate is sensitive to the region near the producer (located at x=10750 ft) at the early times. In this case, as time goes on the sensitive region moves away from the producer and finally sweeps through the whole domain so that the entire reservoir is more or less equally sensitive. This is so because the producer produces oil near the well in the beginning and it then produces from the region away from the well and finally from the entire reservoir. This indicates that the early production data may be more effective in inferring spatial distributions of reservoir properties than the later data. The main problem of using a small ensemble is the noisiness in the covariance estimation, resulting in "spurious correlations". In order to better understand how the localization works, we show in Fig. 10 the cross-correlations between the observation data and the ln k field and between the surface displacement (at x=10750) and the ln k field, computed from an ensemble of 100 members, 30 members without localization, and 30 members with localization, at the first data assimilation step. The cross-correlation computed from the ensemble with 100 members (see the first panel in Fig. 10) gives intuitively correction solution. It can be seen by comparing the first two panels that without localization the cross-correlation computed from the ensemble with 30 members shows some spurious correlation far away from the sensitive regions near the well and the location of surface displacement measurement, respectively. Localization is effective in filtering out these spurious correlations and the resulting cross-correlations from the ensemble with 30 members (the second panel in Fig. 10 ) become quite similar to those from the ensemble of 100 members (the first panel in Fig. 10 ). Fig. 11 shows the match to production data from the initial ensemble and the updated ensembles without and with localization. Without localization, the filter divergence occurs, indicated by the biased prediction and the small variability within the updated ensemble. The filter divergence may be caused by the poor estimation and subsequent propagation of the state error covariance matrix. It is seen from Fig. 11 that with localization the results are quite satisfactory even only with 30 realizations. We also show the final updated mean ln k and E fields in Fig. 12 . Although they are not as good as those estimated with 100 realizations (Fig. 3d and 4d) , these estimated fields show patterns somewhat resembling the reference fields (see Fig. 2 ).
3D case
In this section the ensemble Kalman filter approach is applied to a 3D case using the coupled fluid-flow and geomechanics model. The 3D case has a five-spot pattern with an injector located at the center and four producers located at the corners. The size of the simulation model is 2400 × 2400 × 3400 3 ft . The top 2000 ft is the overburden, which is modeled by 4 layers of thickness 500 ft each. The reservoir interval is of 400 ft, modeled by 4 layers, each of 100 ft thick, and the underburden formation is of 1000 ft, modeled by 2 layers of 500 ft each. The domain is evenly divided into 15 gridblocks in the x and y directions, each of size 160 ft. All the wells are perforated through the entire reservoir interval. The producer is controlled primarily by the BHP target of 500 psi and the secondary control is the maximum oil rate of 4500 stb/day. The injector is controlled by the surface flow rate target of 10,000 stb/day and subjected to the maximum BHP constraint of 10,000 psi. All producers start production at time zero and injector was opened at day 1500. The simulation lasts for 4500 days. The displacement observations are taken from the surface (one of nine gridblocks) and from the gridblock of the reservoir layers where wells are completed. The production data are oil production rate and water cut of the producer as well as bottom hole pressure of the injector. The observations are available every 500 days.
The fluid-flow and geomechanics parameters of the model are chosen close to those in the Lost Hills oilfield. The Lost Hills reservoir rock consists of diatomite of extremely high porosity (larger than 50%) and very low permeability (average permeability 0.5 milli-Darcy). Massive volumes of hydrocarbons have been extracted from the geologically weak formation by means of hydro-fracturing, resulting in larger pressure depletion that has led to significant reservoir compaction. For the 3D model, the mean of the log transformed permeability is set as 2.3 and the standard deviation as 1.0. The mean of the Young's modulus is set to be 50,000 psi and its standard deviation to be 15,000 psi. The porosity of the reservoir is equal to 40%. 100 realizations are used for the EnKF. Fig. 13 shows the match to the water cut of one producer. From these figures, it is seen that with both types of data assimilated, the matches to the water cut are obviously improved. Fig. 14 shows the match to the surface displacement. We choose the SW-NE diagonal of the surface to illustrate the results. Similar behavior as the 2D cases can be found: the match to the displacement is improved even in the absence of displacement observations and the match becomes very good in the presence of displacement observations. In this case, the surface subsidence is more than 3 ft at the end of the simulation due to the low Young's modulus. For this kind of reservoir where significant subsidence occurs, joint data assimilation of fluidflow and geomechanics observations is found to be effective.
Conclusions
In this study, we investigated the applicability of the Ensemble Kalman filter method to the problem of coupled fluid-flow and geomechanics. For reservoirs with obvious geomechanical behaviors, a model considering geomechanics is found to be appropriate for reservoir simulation and history matching. It was found that assimilating the displacement observations can improve the estimation of both the permeability and Young's modulus fields. This process also led to better matches to the production and displacement observations.
The issue of inconsistency may occur when model parameters and state variables are jointly updated using The EnKF. This issue was explored through a case study for coupled fluid-flow and geomechanics. A consistent EnKF procedure was presented and implemented by rerunning the forward model from time zero. On the basis of the test case, improvement was found with the modified procedure in certain situations. However, such a procedure greatly increased the computational effort in the EnKF. In order to balance the accuracy and efficiency of the EnKF, certain criterion may be used to gauge whether the consistency procedure shall be invoked.
The applicability of a localization technique was investigated when the ensemble size is small. With localization, the noisiness in covariance estimation, or the spurious correlation, can be filtered out so that the covariance matrix may be estimated and propagated properly and a large amount of data may be assimilated even with a relatively small ensemble. 
